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a b s t r a c t 
Climate change is expected to alter European ﬂoods and associated economic losses in various ways. Here we 
investigate the impact of precipitation change on European average winter and summer ﬁnancial losses due to 
ﬂooding under a 1.5 °C warming scenario (reﬂecting a projected climate in the year 2115 according to RCP2.6) 
and for a counterfactual current-climate scenario where the climate has evolved without anthropogenic inﬂu- 
ence (reﬂecting a climate corresponding to pre-industrial conditions). Climate scenarios were generated with the 
Community Atmospheric Model (CAM) version 5. For each scenario, we derive a set of weights that when applied 
to the current climate’s precipitation results in a climatology that approximates that of the scenario. We apply 
the weights to annual losses from a well-calibrated (to the current climate) ﬂood loss model that spans 50,000 
years and re-compute the average annual loss to assess the impact of precipitation changes induced by anthro- 
pogenic climate change. The method relies on a large stochastic set of physically based ﬂood model simulations 
and allows quick assessment of potential loss changes due to change in precipitation based on two statistics, 
namely total precipitation, and total precipitation of very wet days (deﬁned here as the total precipitation of 
days above the 95th percentile of daily precipitation). We compute the statistics with the raw CAM precipitation 
and bias-corrected precipitation. Our results show that for both raw and bias-corrected statistics i) average ﬂood 
loss in Europe generally tend to increase in winter and decrease in summer for the future scenario, and consistent 
with that change we also show that ii) average ﬂood losses have increased (decreased) for winter (summer) from 
pre-industrial conditions to the current day. The magnitude of the change varies among scenarios and statistics 
chosen. 
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0. Introduction 
Inland ﬂooding in Europe and worldwide aﬀects the life of millions
nd causes large economic losses ( Guha-Sapir et al., 2017 ). The number
f severe ﬂood events in Europe has increased over the last 35 years
nd more than 1500 ﬂood events have been registered in Europe since
980, half of which occurred after the year 2000 ( EEA, 2017 ). In the
uture this trend is expected to continue because of changes in land use,
ocio-economic factors and the potential impacts of climatic changes
nduced by anthropogenic greenhouse gas emissions ( Winsemius et al.,
016 ). Changes in precipitation patterns and their extremes under global
arming are expected to be one of the major drivers in future ﬂood risk;
he impact of temperature changes on precipitation has been the sub-
ect of many scientiﬁc contributions over the last decade leading to a
eeper understanding of the mechanisms through which a warmer at-∗ Corresponding author. 
E-mail address: maximiliano.sassi@rms.com (M. Sassi). 
ttps://doi.org/10.1016/j.advwatres.2019.05.014 
eceived 26 November 2018; Received in revised form 25 March 2019; Accepted 18
vailable online 21 May 2019 
309-1708/© 2019 Elsevier Ltd. All rights reserved. osphere can lead to changes in the rainfall distribution ( Pfahl et al.,
017; O’Gorman and Schneider, 2009; Allan, 2011; Haerter et al., 2010 ).
peciﬁcally, Pfahl et al. (2017) have shown how the response of ex-
reme rainfall in the presence of temperature changes shows strong spa-
ial variability due to energy availability in the atmosphere. Although
t is widely accepted that precipitation and its extremes are likely to
ncrease in a warmer world, the same is not true for ﬂood frequency
nd magnitude. Several studies have explored long term river ﬂow data
ets in an attempt to identify potential climate change trends showing
ow the inhomogeneity of available time series, human inﬂuence in
haping the streamﬂow distributions and statistical uncertainty do not
llow a conﬁdent statement on present-day trends in ﬂood peak fre-
uency and magnitude over time ( Mangini et al., 2018; Hodgkins et al.,
017; Bloeschl et al., 2017 ). Therefore, there is signiﬁcant uncertainty
n the potential impacts of climatic changes on the economic damages May 2019 
M. Sassi, L. Nicotina and P. Pall et al. Advances in Water Resources 129 (2019) 165–177 
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l  ssociated with ﬂood risk and there is no consensus yet around the mag-
itude and spatial distribution of change of average annual loss (an in-
icator of ﬂood risk). 
Projections of future annual precipitation indicate wetting tenden-
ies for Scandinavia and central-eastern Europe and drying tendencies
or the southern parts of Europe ( Maraun, 2013 ). This pattern has been
bserved in records of winter extreme precipitation ( Donat et al., 2013 ).
 strong increase in winter heavy precipitation (deﬁned as precipitation
bove the 99th percentile for months December to February) over Scan-
inavia and eastern Europe has been reproduced with global climate
odels ( Giorgi et al., 2014 ) and regional climate models ( Rajczak et al.,
013 ). In southern parts of Europe, even though mean precipitation
s projected to decrease, heavy precipitation is projected to increase
 Sillmann et al., 2013 ). These studies generally quantify changes at rel-
tively high levels of global warming (3 °C and more). At 1.5 and 2 °C,
ing and Karoly (2017) showed increased intensity of extreme wet days
day with highest one day precipitation total within the season) in both
ummer and winter, in contrast to a weaker signal for mean changes
ver most of the continent. Vautard et al. (2014) also found robust in-
reases in mean winter precipitation in northern Europe, with extreme
recipitation increase over eastern Europe and Scandinavia in summer
nd over southern Europe in winter. Dosio and Fischer (2018) found
hat locally the change in mean precipitation due to further warming is
ot signiﬁcant but is accompanied by a robust change in extreme pre-
ipitation. 
Climate change is expected to alter European ﬂood risk and, specif-
cally, average annual losses in various ways. Rojas et al. (2013) con-
ucted an ensemble-based pan-European ﬂood hazard assessment for
resent and future conditions and found that with no adaptation to cli-
ate change the average annual loss by 2080 with 3 °C global warm-
ng (SRES A1B emission scenario) would be about 17 times greater
han in the present; with adaptation the increase would be ten-fold.
n earlier studies, Kundzewicz et al. (2010) showed projected annual
osses for the countries in Europe to be between 2 and 10 times
reater by 2080 compared to 1970 (again for the SRES A1B scenario),
nd Ciscar et al. (2011) found the increase in annual loss from river
oods in Europe more than doubles for the same period and em-
loying similar scenarios. In a recent study which considers natural
orrelation between events, Jongman et al. (2014) found an almost
ve-fold increase in annual loss by 2050 for a 3 °C global warming,
hereas Alﬁeri et al. (2015) found for the same period an increase
f 4 to 8 times for a 4 °C global warming scenario. More recently,
lﬁeri et al. (2018) reported changes in annual loss for three warm-
ng levels (1.5, 2 and 3 °C) and three independent studies to be roughly
n a range between 2 and 4 times that of the present. The latter three
tudies do not include the eﬀect of future socio-economic changes on
opulation, economy, and land use, so ﬂood risk was estimated as-
uming present-day exposure and vulnerability. Because ﬂood risk is a
on-linear function of hazard, exposure, and vulnerability (e.g. de Moel
t al., 2015 ), relative changes in average annual loss including future
daptation measures and socio-economic impacts due to climate change
an vastly diﬀer. Here we focus on average annual losses due to changes
n precipitation, while holding constant other hazard variables and not
onsidering adaptation. 
Flood risk assessments at pan-European scale under diﬀerent degrees
f warming typically rely on multi-model ensembles encompassing sev-
ral climate and hydrological models (e.g. Rojas et al., 2012; Alﬁeri
t al., 2015; Gosling et al., 2016 ). Donnelly et al. (2017) compared
unoﬀ, discharge, and snowpack in Europe for climate change at 1.5,
 and 3 °C global warming above pre-industrial levels. They employed
ve hydrological models forced with multi-model ensembles of climate
rojections to calculate changes in hydrological indicators. They found
obust increases in runoﬀ over the Scandinavian mountains and robust
ecreases in Portugal at 1.5 °C, with extents further increasing over Nor-
ay, Poland, the Iberian coast, the Balkan coast, and parts of the French
oast at 3 °C. A robust increase of discharge with warming level was166 ound only in Scandinavia. Thober et al. (2018) also assessed the im-
acts of climate change employing a multi-model ensemble of three hy-
rological models forced by ﬁve Coupled Model Intercomparison Project
hase 5 (CMIP5) general circulation models (GCMs) under three Repre-
entative Concentration Pathways (RCPs 2.6, 6.0, and 8.5). They found
ecreases for high ﬂows and annual maxima in the Mediterranean and
astern Europe, mostly related to decreases in total annual precipita-
ion. They also found increases in high ﬂows in Northern regions due to
ncreasing precipitation, but with annual maxima decreasing due to less
nowmelt. Alﬁeri et al. (2018) compared three studies of ﬂood hazard
nd risk projections based on ensemble projections of expected dam-
ge and population aﬀected at country level. They found a substantial
ncrease in ﬂood risk over most of Central and Western Europe at all
arming levels. In this study, we do not attempt to simulate ﬂood risk
nder climate change scenarios. Instead, we employ annual losses from
 fully calibrated ﬂood model of the current climate and translate these
osses to the future or counterfactual world by reweighting the annual
osses. This approach has diﬀerences relative to the studies cited above,
nd other studies in this area. One critical diﬀerence is that whereas
any previous studies have relied on around 100 years of hazard sim-
lation, with extreme value theory used to extrapolate to longer return
eriods, we have used a stochastic set of 50,000 years of ﬂood events,
reated using physically based simulations driven by a stochastic rainfall
enerator. 
The objective of this study is to present a simple approach to assess
otential changes in European ﬂood risk due to relative changes in pre-
ipitation driven by climate change. The proposed approach combines
he potential change in ﬂood risk from river and pluvial ﬂooding due to
elative changes in precipitation. We apply this approach to assess the
mpact of relative changes in precipitation on European ﬂood damages
or two climate change scenarios produced with the Community Atmo-
pheric Model version 5 (CAM). Precipitation ﬁelds are obtained from
nsembles generated with CAM for two climate change scenarios. Sce-
arios include future global warming at 1.5 °C above pre-industrial con-
itions, and a hypothetical present-day counterfactual scenario where
he climate has evolved without anthropogenic inﬂuence. The ﬂood risk
esponse to changes in precipitation in calculated using the RMS Eu-
opean Flood Model: a Monte Carlo model for the simulation of ﬂood
isk in Europe for the insurance market. This model has been calibrated
nd validated in its hazard and damage components with the goal to
eproduce economic and insured ﬂood damages and is employed here
o evaluate changes in these damages relative to current climate. The
odel uses a probabilistic set of ﬂood events to model ﬂood risk, and
he approach adopted in this study involves the creation of an alterna-
ive probabilistic set, by reweighting the stochastic model precipitation
o mimic the precipitation statistics of the climate scenarios produced by
he GCM. Note that only the eﬀects of anthropogenically-driven changes
n precipitation are considered here, neglecting past and possible future
hanges in other factors inﬂuencing the hazard, exposure, vulnerability,
nd resilience. This paper is organized as follows: Section 2 describes the
ethods including the model runs, reweighting method, stochastic pre-
ipitation, loss tables and bias-correction methodology; Section 3 de-
cribes the relative changes in two precipitation statistics for the sce-
arios using raw input and bias-corrected input, along with the loss
hanges; Section 4 discusses the results; Section 5 concludes. 
. Methods 
In the present work we assess the impact of climate change on ﬂood
isk by incorporating a climate change signal, derived from state-of-the-
rt climate model simulations ( Section 2.1 ) into a European probabilis-
ic ﬂood loss model ( Section 2.2 ). The coupling of the models is done
y means of a methodology devised to apply the spatially variable cli-
ate change signal to the stochastic ﬂood losses produced by the RMS
uropean Flood Model for the present climate ( Section 2.3 ). Given the
arge uncertainties involved in climate model outputs and in modelling
M. Sassi, L. Nicotina and P. Pall et al. Advances in Water Resources 129 (2019) 165–177 
Fig. 1. Diﬀerence of mean winter precipitation (top) and mean summer precipitation (bottom) for Present minus E-OBS (period 1961–2011), Plus15 minus Present 
and Present minus NAT scenarios; units are in mm. 
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t  he hydrologic response in a changing climate (highlighted in the wide
iterature review discussed above) this paper focuses on the impact of
recipitation changes and applies these to a time series of modelled
uropean ﬂood losses. This simpliﬁed approach allows us to represent
he potential eﬀect of changes in wetness condition over the continent
hich are reﬂected in the average annual loss (i.e., the mean of the ﬂood
oss distribution). 
.1. Climate model runs 
Simulations were carried out with CAM version 5.3
 Neale et al. 2010 ), a dynamical model of the atmosphere ran at
pproximately quarter degree spatial resolution ( Wehner et al., 2018 )
nder the protocols of the Half a Degree Additional warming, Prognosis,
nd Projected Impacts (HAPPI) experiment ( Mitchell et al. 2017 ) and
f the C20C + Detection and Attribution Project. (Note the model is
isted as “CAM5.1.2–0.25degree ” under the archive portal for both
rojects. See http://portal.nersc.gov/c20c/ ). The HAPPI project was
esigned to provide model output data describing climate and weather
hanges under a stabilized 1.5 °C level of global warming, as compared
o preindustrial conditions (1861–1880). CAM was ran under three
ime-slice experiments to generate ﬁve 10-year simulations for the
resent climate (2006–2015) and six simulations for the potential
uture climate under stabilized 1.5 °C of global warming (nominally
106–15). We use daily resolution output in this paper. 
Present climate simulations include observed forcing conditions for
ea surface temperatures (SSTs) and sea-ice cover. Each simulation dif-
ers from the others in the initial weather state, and they are limited to
0 years in length to avoid long-term trends dominating the variabil-
ty. The 2006–2015 runs use realistic observation-based time-varying167 onditions for all climate drivers during that time. These drivers are
tmospheric greenhouse gas concentrations, tropospheric aerosol con-
entrations, atmospheric ozone concentrations, solar luminosity, SSTs,
nd sea-ice cover. SSTs in the 1.5 °C scenario of the future are pre-
cribed by summation of the observed 2006–15 SSTs and an oﬀset, es-
imated between decadal-averages of the 2006–15 period and the pro-
ected warmer global conditions for the 2091–2100 period according
o the response to the RCP2.6 in CMIP5 model simulations (which re-
ults in a global warming of approximately 1.5 °C), with sea ice con-
entration modiﬁed accordingly ( Mitchell et al. 2017 ). Greenhouse gas,
erosol, and ozone concentrations are set according to RCP2.6. More
mplementation details can be found in Mitchell et al. (2017) and
ehner et al. (2018) . 
An additional set of four 10-year simulations corresponds to the
ounterfactual historical scenario of the C20C + Detection and Attri-
ution project. This pre-industrial climate scenario represents hypo-
hetical counterfactual time-varying conditions for climate drivers dur-
ng the 2006–2015 period whereby industrial anthropogenic emissions
ad not occurred over the course of history. It is constructed by set-
ing the Present-scenario greenhouses gases, aerosols, and ozone to pre-
ndustrial (year 1855) values and adjusting SSTs and sea ice accord-
ngly. The SST adjustment is based on the diﬀerence of temperatures
rom CMIP5 climate models run with and without anthropogenic in-
uence ( Stone and Pall, 2019 ). Here we will make use of the natural
cenario simulations as well as those for present climate and future cli-
ate at 1.5 °C global warming, we will refer to these simulations as NAT,
resent and Plus15, respectively. 
Modelled precipitation is bias-corrected with respect to observations
E-OBS, Haylock et al., 2008 ) for the period 1961–2011, using quan-
ile mapping. Speciﬁcally, we adopt a non-parametric approach, termed
M. Sassi, L. Nicotina and P. Pall et al. Advances in Water Resources 129 (2019) 165–177 
Fig. 2. Relative change of winter total precipitation and R95pTOT for future climate (Plus15) and natural climate (NAT). 
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h  uantile delta mapping ( Cannon et al., 2015 ). First, future (or natural)
limate model outputs are bias corrected to observations by quantile
apping. Second, model-projected relative changes in quantiles are su-
erimposed on the bias-corrected model outputs. The method preserves
odel-projected relative changes in quantiles, while at the same time
orrecting systematic biases in quantiles of a modeled series with re-
pect to observed values – one of the reasons for discrepancy in ﬂood
isk assessments, as pointed out by Thober et al. (2018) . 
.2. The RMS European Flood Model 
The RMS European Inland Flood Model is a probabilistic, high reso-
ution ﬂood catastrophe model that is widely used in the insurance in-168 ustry to estimate ﬂood risk for a given portfolio of insured exposures.
he model currently covers 15 countries: Austria, Belgium, Czech Re-
ublic, France, Germany, Hungary, Ireland, Italy, Liechtenstein, Luxem-
ourg, Monaco, Poland, Slovakia, Switzerland, and the United Kingdom.
n this study we exclude the Republic of Ireland, Italy, and Northern Ire-
and, which were under development while doing this analysis, and we
lso exclude Liechtenstein, Luxemburg, and Monaco because of their
mall size relative to the model domain. The model includes three main
omponents: a hazard module, a damage module, and a ﬁnancial mod-
le. The hazard module simulates precipitation-driven ﬂood risk and
isk from major river ﬂooding with a physically based approach. The
amage module relies on detailed building inventories and a compre-
ensive catalogue of damage functions to describe the vulnerability of
M. Sassi, L. Nicotina and P. Pall et al. Advances in Water Resources 129 (2019) 165–177 
Fig. 3. Relative change of summer total precipitation and R95pTOT for future climate (Plus15) and natural climate (NAT). (For interpretation of the references to 
colour in this ﬁgure legend, the reader is referred to the web version of this article.) 
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(  uildings to ﬂood risk. The ﬁnancial model quantiﬁes the economic loss
f exposure to ﬂooding. 
Here we focus on the hazard module and the methodology used to
imulate probabilistic ﬂood risk maps from a stochastic rainfall simula-
ion. The ﬂood hazard model relies on a continuous 50,000-year Europe-
ide stochastic precipitation dataset which has been generated with
 stochastic rainfall generator based on the main modes of variabil-
ty of gridded precipitation data through Principal Component Analy-
is ( Bouvier et al., 2003; Westra et al., 2007 ). Observed gridded pre-
ipitation (E-OBS, Haylock et al., 2008 ) was available for the period
961–2011 (daily resolution at quarter-degree spatial resolution) while169 he other atmospheric variables relevant for runoﬀ generation were ob-
ained from the GLDAS dataset ( https://ldas.gsfc.nasa.gov/gldas/ ) for
he same period (3 hourly resolution at one-degree spatial resolution). 
Stochastic monthly rainfall ﬁelds, obtained as a linear combination
f stochastic Principal Components (PCs) and main modes of variabil-
ty of the monthly rainfall anomalies (EOFs), were subsequently dis-
ggregated in space and time to 3-hourly, 6 km resolution grids. Spa-
ial disaggregation was performed through the scaling properties of
tandardized rainfall ﬂuctuations with statistical scaling parameters re-
ated to elevation and convective available potential energy (CAPE)
 Perica and Foufoula-Georgiou, 1996 ). Temporal disaggregation is
M. Sassi, L. Nicotina and P. Pall et al. Advances in Water Resources 129 (2019) 165–177 
Fig. 4. Example of cumulative distributions of winter daily precipitation for E-OBS (period 1961–2011), raw simulations and bias-corrected (BC) simulations. 
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m  erformed through a bootstrapping methodology. The stochastic rain-
all generator considers the relationship between rainfall and the state
f the atmosphere by incorporating the correlation between the rainfall
rincipal components and the North Atlantic Oscillation (NAO), which
s simulated in the stochastic model as an AR (1) process calibrated on
onthly NAO data in the available observation period (data from Na-
ional Weather Service http://www.cpc.ncep.noaa.gov/ ). 
The modelling domain is subdivided into 8546 catchments, based
n standard catchment delineation routines ( Metz et al., 2011 ); catch-
ent size varies between 50 and 500 km 2 . Rainfall-runoﬀ processes
re modelled with a semi-distributed rainfall-runoﬀ approach based on
OPMODEL ( Beven and Freer, 2001 ), with a runoﬀ generation mod-
le that accounts for evapotranspiration, canopy interception, snow ac-
umulation and melting. The hydrological model includes 15 parame-
ers which are calibrated against observations for approximately 2000
auges employing time series of up to 30 years in length (minimum 10
ears) using a genetic algorithm to appropriately cover the parameter
pace ( Deb et al., 2002 ). We employ two cost functions in the optimiza-
ion, one for the overall bias and another for the discharge peaks. Af-
er performance assessment we retain about 1400 gauges. Parameters
re redistributed to upstream catchments when gauges are not avail-
ble. Discharge at the outlet of the catchments is obtained through the
uskingum-Cunge routing technique. Again, we perform calibration of
he routing model for the same gauges. The model is therefore designed170 o capture the temporal evolution (e.g. antecedent conditions and clus-
ering of events) and the spatial correlation of inland ﬂood risk within
nd between countries. 
We employ a 50 m resolution digital terrain model (DTM) for com-
uting ﬂood depths on major rivers as well as surface ﬂooding in-
uced by precipitation. Manning coeﬃcients are obtained from land use
and cover data ( https://land.copernicus.eu/pan-european/corine-land-
over ). We compute ﬂuvial and pluvial inundation maps for several re-
urn periods using the river discharge and surface runoﬀ, respectively.
nundation maps are obtained by solving the shallow water equations.
ore details about model implementation and validation can be found
n Zanardo et al. (2019) . 
The time sequence of ﬂood damages is obtained in the form of a
onte Carlo set of stochastic ﬂood events resulting from the estimation
f economic damages to buildings, for a given portfolio of exposed as-
ets. The damage simulation is performed at the building level by lever-
ging the high-resolution ﬂood maps and a detailed model of the build-
ng stock and their vulnerabilities to a given level of ﬂood depth. The
esults of the Monte Carlo simulation are output to a year-loss table
YLT), where each simulated year has a uniform probability of occur-
ence equal to the inverse of the length of the simulation. The model
ontains an average of about 30 damage producing ﬂood events per
ear over the 50,000 years of simulation. Many of these events aﬀect
ultiple countries. For example, the UK has 4.2 events per year. Each
M. Sassi, L. Nicotina and P. Pall et al. Advances in Water Resources 129 (2019) 165–177 
Fig. 5. Diﬀerence of mean winter precipitation (top) and 
mean summer precipitation (bottom) for Plus15 minus Present 
and Present minus NAT scenarios, after bias-correction; units 
are in mm. 
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p  vent is identiﬁed with time and date, duration, and location. We com-
ute the annual loss by aggregating the loss of events occurring in each
ear. The average annual loss (normally referred as AAL) is obtained by
omputing the mean of the annual losses over the length of the simula-
ion. Note that in this paper we distinguish between winter and summer
osses, in which case the annual loss is based on winter and summer
vents separately. 
.3. Reweighting method 
We present a method to derive a set of weights that, when applied
o a given statistic of the stochastic precipitation dataset, produces a cli-
atology that approximates the statistic of an imposed climate change
cenario. We then apply the weights to the YLT and re-compute the AAL
o assess the loss change due to precipitation under climate change. Here
e introduce the method in terms of yearly calculations whereas in the
esults section we will adopt a seasonal approach, in which case, the
tatistics and losses are computed separately for each season of each
ear. We compute two statistics: total precipitation in a year (SUM); and
he contribution of very wet days to the total precipitation (R95pTOT),
eﬁned in this study as the sum of all days with precipitation greater
han the 95th percentile of the daily precipitation. 
In the following, p cy is the stochastic precipitation statistic for catch-
ent c and year y and p c is the reference climatological mean of the
tatistic for catchment c . If the mean precipitation statistic varies lin-
arly with time, the expected value N years from the reference period is
iven by 
 𝑐 
(
1 + 𝑁 𝑘 𝑐 
)
(1) 
ith k c the annual rate of change in the statistic for catchment c . We
erive a set of annual weights 𝜔 y , such that when the mean precipitation
tatistic is calculated using the weighted 𝜔 y p cy , the latter approximates
he expected value given by the above equation. The p c quantities are
omputed for each year in the stochastic precipitation dataset whereas171 he rate of change k c is computed as the long-term of lumped climate
odel simulations. 
The approach to obtain the weights involves two steps: ﬁrst, for each
ear in the stochastic precipitation we calculate a climate change index
y . This index gives the year relative to the reference period for which
he chosen climate change scenario most closely resembles a given year
n the stochastic precipitation. The reference period here is 1961–2011
nd corresponds to the observation period over which measured rainfall
ata were available for the creation of the European Flood HD model’s
tochastic precipitation set. The minimization is performed across all
atchments: 
𝑐 
𝐴 𝑐 
( 
𝑃 𝑐𝑦 − 
(
1 + 𝜆𝑦 𝑘 𝑐 
)
𝑝 𝑐 
𝜎𝑐 
) 2 
(2) 
here A c is the catchment area and 𝜎c is the standard deviation of the
recipitation statistic of catchment c . We normalize with the standard
eviation to avoid high-precipitation catchments dominating the terms
n the summation. Because 𝜆y does not depend on c , the value that min-
mizes the expression can be found analytically and is given by: 
𝑦 = 
∑
𝑐 𝐴 𝑐 𝑘 𝑐 𝑝 𝑐 
(
𝑝 𝑐𝑦 − 𝑝 𝑐 
)
∕ 𝜎2 
𝑐 ∑
𝑐 𝐴 𝑐 𝑘 
2 
𝑐 
𝑝 2 
𝑐 
∕ 𝜎2 
𝑐 
(3) 
Second, we ﬁnd the weights 𝜔 y that minimize the following expres-
ion: 
𝑐 
𝐴 𝑐 
⎛ ⎜ ⎜ ⎝ 
1 
𝑁 𝑌 
∑𝑁 𝑌 
𝑦 =1 𝜔 𝑦 𝑝 𝑐𝑦 − 
(
1 + 𝑁 𝑘 𝑐 
)
𝑝 𝑐 
𝜎𝑐 
⎞ ⎟ ⎟ ⎠ 
2 
(4) 
here N Y is the number of years (or individual seasons) in the stochastic
recipitation. We use the climate change index 𝜆y to inform the weight
unction 𝜔 y . The expression above is optimized numerically to allow for
eight functions of diﬀerent types. 
Here, we employ a two-parameter function such that 𝜔 y = 1 + 𝜆y 𝛼1 
or positive 𝜆y and 𝜔 y = 1 + 𝜆y 𝛼2 for negative 𝜆y , with 𝛼1 and 𝛼2 two
ositive scalars. The two-parameter function allows for diﬀerent weights
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Fig. 6. Relative change of winter total precipitation (SUM) and R95pTOT for future climate (Plus15) and natural climate (NAT) after bias-correction. 
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b  n the two regions of the frequency domain above and below unity;
his means that weighting towards drier years can have a diﬀerent scale
oeﬃcient than weighting towards wetter years. 
. Results 
To compare results between the diﬀerent climate scenarios, simula-
ions within the respective ensembles are ﬁrst concatenated. This results
n 50-year time series in the case of the future-to-present comparison (5
imulations of 10 years each for Plus15 and Present), and 40-year time
eries in the case of the natural-to-present comparison (4 simulations
f 10 years each for NAT and Present). We compute all quantities for
inter (DJF) and summer (JJA) seasons. 172 .1. Mean seasonal precipitation 
When compared with E-OBS precipitation, the CAM generally tends
o overestimate precipitation in winter months and underestimate pre-
ipitation in summer months ( Fig. 1 ). The winter bias can be seen
ainly in mountainous areas; Barcikowska et al. (2018) argues that
hese diﬀerences can be due to both model and observational bi-
ses because observations are less representative in orographic con-
itions and because topography is too smooth in the comparatively
ower resolution model. However, the general large-scale wet bias
articularly over western Europe could also be indicative of stronger
onal winds in the model, suggesting more storminess and moisture
rought particularly into the UK, Benelux, and Germany. The summer
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Fig. 7. Relative change of summer total precipitation (SUM) and R95pTOT for future climate (Plus15) and pre-industrial climate (NAT) after bias-correction. 
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t  ias may be explained by insuﬃcient resolution in the model to cap-
ure heavy convective storms, particularly in inland and mountainous
egions. 
At 1.5 °C global warming winter precipitation in the model is gener-
lly greater throughout Europe compared to the present; summer pre-
ipitation shows slightly wetter conditions in Eastern Europe and drier
n Northern Europe. These results agree with a consensus towards wet-
er winters in most parts of Europe (e.g. Dosio and Fischer, 2018 ). The
atural-to-present comparison mostly shows wetter conditions in winter
nd drier in summer, which is akin to the future-to-present comparison
ince in the present the climate is generally warmer than in the pre-ndustrial scenario. i  
173 .2. Relative changes in precipitation statistics 
Relative changes are computed with respect to present climate sim-
lations. Fig. 2 shows the spatial distribution of the relative changes
f the two winter statistics for the two climate change scenarios. The
lus15 scenario generally shows positive changes throughout Europe
nd changes with the largest magnitudes of the two scenarios. The
AT scenario shows mostly negative changes for eastern Europe and
ome small areas with positive changes in western Europe, particu-
arly for R95pTOT. Each scenario shows a smooth spatial pattern for
he total precipitation and a slight increase in patchiness and spik-
ness for the total precipitation from very wet days. This could be
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Fig. 8. Relative change in winter losses expressed as percentage change per decade by country and for the entire domain (denoted with EUFL), based on the relative 
change in the raw and bias-corrected precipitation statistics for the Plus15 and NAT scenarios. 
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v  ttributed to sampling uncertainty because given the same amount
f underlying data, extreme metrics are less well sampled than the
otal. Additionally, since patchiness is concentrated toward southern
urope, we hypothesize that there may be an increased inﬂuence
f convective cells producing patchy extreme precipitation embed-
ed within large-scale southerly ﬂow due to a warmer Mediterranean
nder climate warming. In general, patterns are spatially coherent
or the diﬀerent statistics and do not change sign, however, magni-
udes generally tend to decrease when looking at the more extreme
tatistics. 
Fig. 3 shows the spatial distribution of the relative changes of the
wo summer statistics for the two climate change scenarios. Gray areas
ndicate areas with too few rainy days to compute a meaningful change.
elative changes can easily be greater than 100% because summer pre-
ipitation is generally noisier than winter precipitation (we have capped174 hese to avoid extending the limits in the color bar plots). Summer spa-
ial patterns are noisier, with positive and negative relative changes
oncentrated within relatively small regions. Like winter, spatial pat-
erns are generally coherent when looking at the diﬀerent statistics. The
.5 °C scenario generally shows a tendency for drier conditions in north-
rn Europe and parts of Italy, whereas both statistics seem to agree on
etter conditions over southern and Eastern Europe. These results, as
iscussed in the introduction, are not in full agreement with previously
ublished results. Reasons for discrepancy could have to do with sce-
ario design and model resolution. In terms of scenario design, most of
he studies mentioned in the introduction concern about + 1% CO 2 per
ear emissions scenarios, where CO 2 increases dominate any aerosol
hanges. The Plus15 scenario exhibits an aggressive CO 2 ramp-down
nd aerosol ramp-down, where the eﬀects of any aerosol ramp-down ri-
al that of any further CO increase. The NAT scenario also shows drier2 
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Fig. 9. Relative change in summer losses expressed as percentage change per decade by country and for the entire domain (denoted with EUFL), based on the relative 
change in the raw and bias-corrected precipitation statistics for the Plus15 and NAT scenarios. 
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i  onditions over northern Europe, and wetter conditions over eastern
urope, France, and parts of the UK. 
We bias-correct the CAM simulations by preserving the relative
hange in precipitation quantiles of modelled precipitation (i.e. trend
n modelled projections, see Fig. 4 ). The bias correction is performed
or winter and for summer separately, and for days with precipitation
reater than 1 mm/day. Fig. 5 shows spatial plots of the mean seasonal
recipitation diﬀerence between scenarios, after bias-correction. Spatial
atterns are comparable to those before bias-correction and diﬀerences
etween scenarios tend to be smaller. Some areas of high precipitation
n Plus15 (e.g. France), particularly for winter, are missing after bias-
orrection. Summer changes for Plus15 indicate drier conditions in GB
nd Benelux. Winter spatial patterns in the relative change of both statis-
ics after bias-correction ( Fig. 6 ) are very similar to the ones computed
ith the raw precipitation. In the summer ( Fig. 7 ), spatial patterns be-
ore and after bias correction also compare well. 175 .3. Relative changes in average annual loss 
In what follows we present the NAT scenario multiplied by minus
ne so that both Plus15 and NAT scenarios appear with the same sign in
he plot. We have also changed the legend to indicate changes are in the
pposite direction. Fig. 8 shows the relative change in winter AAL ob-
ained with the raw and bias-corrected (BC) winter precipitation statis-
ics and both climate change scenarios, for the EUFL domain and split
y country. The Plus15 scenario results in a positive loss change with
oth statistics; R95pTOT generally yields a lower magnitude, which is
 direct consequence of the smaller relative change of R95pTOT com-
ared to the total precipitation ( Fig. 6 ). The NAT scenario shows reduced
agnitudes in the relative change of the AAL by country and for the en-
ire domain when compared to the Plus15 scenario. This is because the
elative changes of both statistics in the NAT scenario are smaller than
n the Plus15 scenario. Discrepancies in AAL change arising from both
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p  tatistics are minor in the NAT scenario, generally showing a slightly
igher magnitude with R95pTOT. 
Summer changes in AAL ( Fig. 7 ) generally show an opposing trend
or the two climate change scenarios, except for France in the Plus15
cenario that shows a positive trend with the bias-corrected total pre-
ipitation. Magnitudes of the summer AAL change in the Plus15 sce-
ario can be compared with winter; however, summer AAL changes are
enerally more sensitive to R95pTOT than in winter, showing greater
hanges in AAL. The NAT scenario shows greater magnitudes of loss
hange when compared to winter. These observations stem from the fact
hat in general winter changes are spatially smooth compared to summer
hanges ( Figs. 6 and 7 ); for summer we observe positive and negative
hanges within the domain, and even within countries. Furthermore,
ummer changes in statistics show greater magnitudes and more patchy
eatures. It is important to note that for winter diﬀerences between SUM
nd R95pTOT are less prominent than for summer ( Fig. 9 ). 
. Discussion 
The method we have presented assumes that the precipitation statis-
ic varies linearly in time. This approximation is likely to be more ac-
urate over short periods of time, but less accurate over longer peri-
ds of time where nonlinearity may become important. This may limit
he applicability of the method, although this limitation could be cir-
umvented by computing the changes in AAL by splitting the time-
ine into two (or more) parts. For instance, the 2 °C global warming
Plus20) simulations of the HAPPI project display such non-linear be-
aviour ( Barcikowska et al., 2018; Li et al., 2018 ). In our example, one
ould ﬁrst compute the changes from Present to Plus15, then apply the
eights to Present conditions to obtain a stochastic precipitation for
lus15 climate, and ﬁnally compute the changes from Plus15 to Plus20.
Our methodology only assesses the impact of changes in precipita-
ion on ﬂood losses. However, changes in other climatological drivers
re likely to also have an impact ( Kay et al., 2011; Schaller et al. 2016 ),
ncluding via feedback mechanisms that are unaccounted for in our
ethod (e.g., increasing mean temperatures leading to increasing evap-
transpiration). However, because precipitation acts as a ﬁrst-order con-
rol on ﬂood losses, we believe the approximations made in this paper
till provide useful insights. We have restricted attention to changes in
he average annual loss, since changes in the tail of the distribution of
osses are likely to be less well estimated. 
The approximations in this study can be compared with approxima-
ions made in other similar studies. Assessments of climate change on
ood risk can be very uncertain for many reasons, such as climate model
hoice ( Deser et al., 2012 ), downscaling and bias-correction procedures,
ydrological model choice and parameter estimation ( Donnely et al.,
017 ). Alﬁeri et al. (2018) concluded that uncertainty from climate pro-
ections is the main driver of uncertainty when assessing future ﬂood
isk under global warming because the model error due to the ﬂood
omponent of the model is smaller than the diﬀerences due to alterna-
ive climate change scenarios. Another source of uncertainty arises when
nly a small number of years of ﬂooding are simulated: many studies of
uture ﬂood risk based on climate models output have been limited to
imulations of no more than 100 years. Because ﬂood loss time series
ave a large natural variability, the estimation of an AAL based on such
 short record of annualised losses introduces considerable sampling er-
or. A strength of the approach described here is that we use 50,000
ears of simulated ﬂood losses. Perhaps ideally one would combine our
pproach with a climate model driven approach, to take advantage of
he beneﬁts of both approaches. However, this would involve creating
uch larger climate model ensemble, and rerunning the calculations
hat generate the stochastic set. 
The AAL estimates presented above do not consider the eﬀects of
daptation and other indirect socio-economic impacts and are based
nly on the potential change in the ﬂood hazard, while holding other
actors constant. Population projections suggest that EU population has176  mild decreasing trend ( UN report, 2017 ). Jongman et al. (2012) sug-
est a constant or decreasing exposed population but an increase in ex-
osed assets. Consideration of these aspects would certainly be impor-
ant for a complete view of future ﬂood risk, since it has been argued
hat the observed increase in ﬂood damage in many regions of the world
s dominated by exposure increase rather than changes in hazard (e.g.
ouwer, 2011 ). In addition to changes in exposure, other more subtle
ocio-economics factors can also play a role in determining ﬂood risk: in
 recent study on paired ﬂood events, Kreibich et al. (2017) showed that
he lower damage caused by a second event was mainly due to signiﬁ-
ant reductions in vulnerability via raised risk awareness, preparedness,
nd improvements of organizational emergency management. 
To gain some insight into the impact that adaptation might have on
he results we conducted a sensitivity analysis into the eﬀect of rais-
ng defences, based on current adaptation literature (e.g. Alﬁeri et al.,
016 ). We ﬁnd that the AAL for winter and summer together is reduced
y about 2%, 12% and 20% for an increase in the defence return period
tandard of protection of 5%, 25% and 50% respectively. These changes
re comparable to the changes in AAL that we estimate due to climate
hange alone. More complex adaptation scenarios, in which standards
f protection change at diﬀerent rates in diﬀerent locations, could also
asily be assessed under the proposed evaluation setup. 
. Conclusions 
Climate change threatens to increase the frequency and magnitude of
igh precipitation events, with a likely impact on ﬂood risk. This has the
otential to lead to year-on-year increase in the cost of ﬂood insurance.
n this contribution we assess the potential impact of climate change
n Average Annual Loss (AAL) due to ﬂoods. We consider two climate
hange scenarios: one corresponding to a 1.5 °C global warming above
re-industrial level, and one corresponding to a pre-industrial world
here climate has evolved without anthropogenic eﬀects. We introduce
 framework to reweight current precipitation patterns such that the re-
ulting climatology matches with either the future or the pre-industrial
recipitation climatology. Climatology is understood here as the long-
erm mean of any precipitation statistic (in our case the total precipita-
ion and the total precipitation of wet days, for raw and bias-corrected
limate model simulations). The weights were determined by minimiza-
ion of the squared root diﬀerences in precipitation metrics at catchment
evel and apply to the entire model domain and for each simulated year.
e employed the weights to scale the annual loss of events simulated
ith an in-house European Flood HD model based on a 50,000-year
tochastic simulation. Before weighting, this model was calibrated to
urrent climate. The weighting allows us to adjust the model to rep-
esent our two climate change scenarios without having to rerun the
tochastic simulations. This allows us to assess the impacts of climate
hange on ﬂood losses. The resulting AAL estimates vary with scenario
nd precipitation statistic used, with magnitudes typically within 5%
er decade for winter and 10% per decade for summer. AAL for the
uture scenario generally tends to increase in winter and decrease in
ummer, although the summer results were sensitive to the choice of
recipitation statistic used, and so are uncertain. For the pre-industrial
cenario, ﬂood losses in winter are lower than for current-day condi-
ions, and for summer they are larger; the magnitudes of change are
omparable to the magnitude of change between current-day losses and
hose for the future scenario. These results are consistent for both raw
nd bias-corrected precipitation statistics. Finally, our results show that
daptation measures, included as updates to the current standard of pro-
ection of the ﬂood defences, could potentially play a signiﬁcant role in
educing climate change impacts on European ﬂood risk. 
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